Although financial theory suggests a positive relationship between default risk and equity returns, recent empirical papers find anomalously low returns for stocks with high probabilities of default. We show that returns to distressed stocks previously documented are really an amalgamation of anomalies associated with three stock characteristics -leverage, volatility and profitability. In this paper we use a market based measure -corporate credit spreads -to proxy for default risk. Unlike previously used measures that proxy for a firm's real-world probability of default, credit spreads proxy for a riskadjusted (or a risk-neutral) probability of default and thereby explicitly account for the systematic component of distress risk. We show that credit spreads predict corporate defaults better than previously used measures, such as, bond ratings, accounting variables and structural model parameters. We do not find default risk to be significantly priced in the cross-section of equity returns. There is also no evidence of firms with high default risk delivering anomalously low returns.
Introduction
A fundamental tenet of asset pricing is that investors should be compensated with higher returns for bearing systematic risk that can not be diversified. Recently, a number of papers examined whether default risk is such a systematic risk and whether it is priced in the cross section of equity returns. On the theoretical side, default risk can be a priced factor if a firm's Beta within the framework of the Capital Asset Pricing Model (CAPM) does not fully capture default-related risk. Default risk may not be fully correlated with the market itself, but could be related to declines in other un-measured components of wealth such as human capital (Fama and French 1996) or risk related to debt securities (Ferguson and Shockley 2003) distinct from risk related to equities. Empirically, research thus far has focused on determining the ex-ante probability of firms failing to meet their financial obligations and testing to see if there is co-movement in security returns of firms in response to changes in an empirically constructed default risk factor. Previous studies have utilized different proxies and approaches to measure financial distress and have found anomalously low returns for stocks with high probabilities of default.
2 The low returns on stocks with high default risk cannot be explained by Fama and French (1993) risk factors. Stocks with high distress risk tend to have higher market betas and load more heavily on size and value factors leading to significantly negative alphas.
In this paper we argue that the anomalous results documented in the literature are due to the poor quality of the proxies used to measure default risk. First, previous papers measure financial distress by determining firms' physical probabilities of default as opposed to risk-neutral probabilities of default. This calculation ignores the fact that firm defaults are correlated and are more likely to occur in bad times, thus failing to appropriately account for the systematic nature of default risk. In this paper we use riskneutral probabilities of default calculated from corporate bond spreads in order to account for the systematic variation in default risk. 3 The fixed-income literature has provided substantial evidence for a systematic component in corporate credit spreads justifying our use of this measure as a proxy for firm exposure to systematic default risk. 4 It has been well documented (see for instance Almeida and Philippon 2007 and Berndt et al. 2005) that there is a substantial difference between the risk-neutral and historical (physical) probabilities of default. Ranking stocks based on their physical default probabilities, as done in Dichev (1998), Campbell, Hilscher and Szilagyi (2008) and other papers in this literature, implicitly assumes that stocks with high physical probabilities of default also have high exposures to systematic variation in default risk. George and Hwang (2009) show that a firm's physical probability of default does not necessarily reflect the firm's exposure to systematic default risk. In fact, George and Hwang (2009) show that firms with higher sensitivities to systematic default risk make capital structure choices that reduce their physical probabilities of distress. It is, therefore, not correct to rank firms based on their physical default probabilities when pricing financial distress, since such a ranking would not properly reflect firms' exposures to systematic default risk, the only type of default risk that should be rewarded with a premium. Default risk measures previously used in the literature ignore this fundamental fact.
Second, previous papers have shown three stock characteristics -idiosyncratic volatility, leverage and profitability -to be most closely associated with high corporate default rates. High idiosyncratic volatility, high leverage and low profitability predict high default probability. However these are the same characteristics that are known to be associated with expected future returns. Within the q-theory framework (Cochrane 1991, Liu, Whited and Zhang 2009) , low profitability (more likely to default) firms have low expected future returns. Similarly, firms with high leverage (more likely to default) and high idiosyncratic volatility (more likely to default) have low stock returns (Korteweg 2004 , Dimitrov and Jain 2005 , Penman et al. 2007 , Ang, Hodrick, Xing and Zhang 2008 .
It is not clear if the distress anomaly is just the manifestation of one or more of these previously documented return relationships. We show that the difference in returns between high and low distress stock portfolios becomes insignificant once we control for these three stock characteristics.
In this paper, we take a different approach to measuring default risk and use a market based measure, namely corporate credit spreads, to proxy for distress risk. We compute credit spreads as the difference between the bond yield of firm and the corresponding maturity matched treasury rate. This measure offers several advantages over others that have been utilized in the literature thus far. Unlike structural models of corporate bankruptcy that make simplifying assumptions about the capital structure of a firm, our proposed measure is model and assumption free. And unlike stock characteristics used to measure default risk, which may reflect information about future returns unrelated to distress risk, credit spreads reflect the market consensus view of the credit quality of the underlying firm. Moreover, credit spreads contain a risk-premium for systematic risk. As such, unlike previously used measures, credit spread, is a proxy for the market-implied risk-adjusted (or risk-neutral) probability of default and is a better measure of exposure to systematic default risk. We show that credit spreads predict corporate defaults better than previously used measures based on structural models, bond ratings and accounting variables. Using credit spreads, we find that there is no evidence of firms with high default risk delivering anomalously low returns, and we do not find default risk to be a priced risk factor in the cross-section of equity returns.
Ours is not the first paper to study the relationship between default risk and equity returns. Dichev (1998) uses Altman's z-score and Ohlson's o-score to measure financial distress. He finds a negative relationship between default risk and equity returns during the 1981-1995 time period. In a related study, Griffin and Lemmon (2002) , using the o-score to measure default risk, find that growth stocks with high probabilities of default have low returns. Using a comprehensive set of accounting measures, Campbell, Hilscher and Szilagyi (2008) (hereafter CHS) show that stocks with high risk of default deliver anomalously low returns. Garlappi, Shu, and Yan (2005) , who obtain default risk measures from Moody's KMV, also find similar results to those of Dichev (1998) and CHS (2008) . They attribute their findings to the violation of the absolute priority rule. George and Hwang (2009) suggest that firms with higher sensitivities to systematic default risk make capital structure choices that reduce their overall physical probabilities of default and argue that the negative relationship between returns and leverage can explain the pricing of distress risk anomaly. Avramov et al. (2007) show that most of the negative return for high default risk stocks is concentrated around rating downgrades.
Vassalou and Xing (2004) find some evidence that distressed stocks, mainly in the small value group, earn higher returns. 5 Chava and Purnanandam (2008) argue that the poor performance of high distress stocks is limited to the post-1980 period when investors were positively surprised by defaults. When they use implied cost of capital estimates from analysts' forecasts to proxy for ex-ante expected returns, they find a positive relationship between default risk and expected returns.
Our paper is different from the rest of the papers in the literature since we specifically aim to construct a default risk measure that ranks firms based on their exposures to systematic default risk, rather than ranking firms based on their physical probabilities of default.
Our paper also contributes to a growing literature on bankruptcy prediction. 6 In particular, we show the importance of market based variables in predicting bankruptcy.
Corporate bond spreads significantly increase the pseudo R 2 's in hazard regressions when we run a horse race of corporate spreads with a comprehensive set of accounting measures, bond ratings and structural model parameters previously used in the literature.
Adding corporate spread to the covariates used in CHS (2008), for instance, increases the pseudo R 2 from 27.6% to 37.4%. 7 These results strongly indicate that corporate bond spreads contain default information above and beyond the measures commonly used in the literature.
The rest of the paper is organized as follows. Sections 2 and 3 describe the data and the different default measures used in this study. Section 4 reports the return analyses for 5 Da and Gao (2005) argue that Vassalou and Xing's results are limited to one month returns on stocks in the highest default likelihood group which trade at very low prices. They show that returns are contaminated by microstructure noise and the positive one month return is compensation for increased liquidity risk. 6 See for instance Altman (1968 ), Zmijewski (1984 , Ohlson (1986 ), Shumway (2001 ), and Chava and Jarrow (2004 . 7 Using corporate spread as the lone predictor variable yields a pseudo R 2 of 26.5% similar to the pseudo R 2 obtained from using all of the CHS (2008) covariates.
high default risk stocks and examines the relationship between various stock characteristics and default risk. Section 5 describes the use of credit spreads as a predictor of corporate bankruptcy and as a proxy for default risk, and also contains the asset pricing tests to see if default risk, as measured by credit spreads, is priced in the cross section of equity returns. Section 6 concludes.
Data
In this section, we briefly describe the data sources used in this study. As not all companies issue bonds, it is important to discuss the limitations of our dataset. We compute summary statistics for default measures and financial characteristics of the companies in our bond sample and for all companies in CRSP.
These results are summarized in Table 1 . Not surprisingly, companies in the bond sample are larger and show a slight value tilt. There is, however, significant dispersion in size, market-to-book, and credit spread values. The bond sample covers a small portion of the total number of companies, but a substantial portion in terms of total market capitalization. For instance, in the year 1997, the number of firms with active bonds in our sample constitutes about 4% of all the firms in the market. However, in terms of market capitalization, the dataset captures about 40% of aggregate equity market value in 1997. In section 4, we show that the distress anomaly as described by CHS (2008) and others exists in our bond sample.
Default Risk Measures
There is a vast literature on the statistical modeling of the probability of bankruptcy. In this paper, we create measures of financial distress based on three models of bankruptcy prediction that have been utilized by previous researchers investigating the pricing of distress risk.
Static models
Static models of bankruptcy prediction employ either a multiple discriminant analysis as in Altman (1968) or a conditional logit model as in Ohlson (1980) , to assess which firm characteristics are important in determining the probability of financial distress. These models then use the estimates from the single period classification to predict future implied probability of bankruptcy.
9
In this paper, we use parameters used to construct Altman's z-score and Ohlson's o-score, two popular measures that have been widely used in empirical research and practice. Altman's z-score is defined as the following:
where WCTA is the ratio of working capital to total assets, RETA is the ratio of retained earnings to total assets, EBITTA is the ratio of earnings before interest and taxes to total assets, METL is the ratio of market equity to total liabilities, and STA is the ratio of sales to total assets. Ohlson's o-score is defined as: 
where SIZE is total assets divided by the consumer price index, TLTA is the ratio of total liabilities to total assets, CLCA is the ratio of current liabilities to current assets, OENEG is a dummy variable set equal to one if total liabilities exceeds total assets and zero otherwise, NITA is the ratio of net income to total assets, FUTL is the ratio of funds from operations to total liabilities, INTWO is a dummy variable equal to one if net income was negative for the past two years and zero otherwise, and CHIN is a measure of the change in net income. The accounting variables used to construct the z-score and the o-score are described in detail in the appendix.
9 Using single period observations introduce a bias in static models that is discussed in Shumway (2001). 
Dynamic models
where NIMTAAVG is a geometrically declining average of past values of the ratio of net income to the market value of total assets, TLMTA is the ratio of total liabilities to the market value of total assets, EXRETAVG is a geometrically declining average of monthly log excess stock returns relative to the S&P 500 index, SIGMA is the standard deviation of daily stock returns over the previous three months, RSIZE is the log ratio of market capitalization to the market value of the S&P 500 index, CASHMTA is the ratio of cash to the market value of total assets, MB is the market-to-book ratio, PRICE is the log price per share truncated from above at $15. 
Structural Model
The third measure we use in this study is based on the structural default model of Merton (1974) . This approach treats the equity value of a company as a call option on the company's assets. The probability of bankruptcy is based on the "distance-to-default" measure, which is the difference between the asset value of the firm and the face value of its debt, scaled by the standard deviation of the firm's asset value. There are a number of different approaches to calculating the distance-to-default measure. We follow CHS (2008) and Hillegeist et al. (2004) in constructing this measure, the details of which are provided in the appendix.
Pricing of Default Risk

Returns to Distressed Stocks
In this section we analyze the effect of default risk on stock returns. We sort stocks into deciles each January from 1981 through 2008, according to their default probabilities calculated using the CHS-score. 11 In the analyses that follow, we exclude financial firms (SIC codes 6000 through 6999); we also exclude firms priced less than one dollar as of the portfolio formation date from the sample to avoid the influence of microstructure noise. The stocks in each decile portfolio are held for a year. Following CHS (2008), if a delisting return is available we use the delisting return, otherwise we use the last available return in CRSP. We repeat the same analyses for stocks in our bond dataset.
To save space we only report returns for the top and bottom deciles, and the difference between the top and bottom deciles.
We compute the value-weighted return for these decile portfolios on a monthly basis and regress the portfolio return in excess of the risk-free rate on the market (MKT), size (SMB), value (HML), and momentum (MOM) factors:
The results are reported in Table 2 . The results under 'Bond Sample' on the right hand side include only the companies in our bond sample.
Our results are consistent with those obtained in the previous studies. Stocks in the highest default risk portfolio have significant negative returns. Using the CHS default probability, the difference in returns between the highest and lowest default risk portfolios is -1.24% per month. The intercepts from the market and the 4-factor models are economically and statistically significant. For the CRSP-COMPUSTAT universe, monthly 4-factor alpha for the zero cost portfolio formed by going long on stocks in the highest default risk decile and short on stocks in the lowest default risk decile is -0.83%
per month. The results are weaker for the bond sample, but still economically and statistically significant. Using firms that have corresponding credit spread information, the monthly 4-factor alpha for the zero cost portfolio formed by going long on stocks in the highest default risk decile and short on stocks in the lowest default risk decile is -0.32%. We repeat the analyses using Merton's distance-to-default measure, Ohlson's oscore and Altman's z-score. The results are qualitatively similar and we do not report them here to save space.
The loadings on the size and value factors suggest that distressed stocks are mostly small and value stocks. The loading on the momentum factor is consistent with the intuition that distressed stocks tend to have low returns prior to portfolio formation.
These results are consistent across different measures of distress, and the results hold in our bond sample suggesting that our study doesn't suffer from sample biases.
Stock Characteristics and Distress Returns
Previous research has identified a number of stock characteristics that predict high default probabilities for companies. However, three characteristics -leverage, idiosyncratic volatility and profitability -have been shown to be most closely associated with corporate default rates. High leverage, high idiosyncratic volatility and low profitability predict higher rates of corporate default. As mentioned earlier, these are the same characteristics that are ex-ante associated with low future returns. Ang, Hodrick, Xing and Zhang (2006, 2008) establish a robust relationship between idiosyncratic volatility and stock returns. This negative relationship has been termed the 'idiosyncratic volatility puzzle', since rational asset pricing theories predict that the relationship be positive or that there be no relationship at all. one or more of these previously documented return relationships. In this section we investigate in detail the relationship between default risk and these three stock characteristics. In particular we want to see if the distress anomaly persists once we explicitly control for idiosyncratic volatility, profitability and leverage.
To control for these three stock characteristics, we perform a double sort. We sort stocks into five groups each January from 1981 to 2008 according to the CHS probability 12 Merton (1987) , Malkiel and Xu (2002) and Jones and Rhodes-Kropf (2003) link higher returns on highvolatility stocks to investors not being able to diversify. There have been some behavioral and agencybased explanations for the negative relationship between idiosyncratic volatility and returns. The behavioral model of Barberis and Huang (2001) predicts that higher idiosyncratic volatility stocks should earn higher expected returns. Falkenstein (1996) reports that mutual fund managers prefer to hold more volatile stocks for the upside option value they provide. of default. Then within each distress group we sort stocks based on the previous year's stock characteristic (idiosyncratic volatility, profitability or leverage) into five groups, creating a total of 25 portfolios. We then calculate 4-factor alphas for the distress portfolios after controlling for the effects of the characteristics. We do this by averaging the returns of the five distress portfolios over each of the characteristic portfolios. We use NIMTAAVG as the profitability measure and TLMTA as the leverage measure. Both variables are described in Section 3. We follow Ang, Hodrick, Xing and Zhang (2006) and calculate idiosyncratic volatility relative to the Fama-French 3-factor model. First, we regress daily stock returns from the previous calendar year on the Fama-French 3 factors:
Idiosyncratic volatility is then calculated as the standard deviation of the residuals:
( )
Panel A of Table 3 reports 4-factor alphas for the five distress portfolios, as well as 4-factor alphas for the distress portfolios after controlling for the three stock characteristics. We also report in Panel B of Table 3 , average idiosyncratic volatility, leverage and profitability values for firms belonging to each of the five distress portfolios. There is a strong relationship between distress risk and the three stock characteristics. Idiosyncratic volatility increases monotonically from 2.5% for the lowest distress group to 4.5% for the highest group. Leverage increases from 0.22 for the lowest distress group to 0.61 for the highest distress group. Similarly, profitability for the lowest distress group is 1.2% and decreases monotonically to -1.1%. The unconditional 4-factor alpha for the zero cost portfolio formed by going long high distress stocks and shorting low distress stocks is -0.88% per month, yet this premium decreases to -0.61% after controlling for leverage. Once we control for idiosyncratic volatility, the return spread between high and low distress stocks reduces to -0.54%. Finally, controlling for profitability reduces the spread to -0.26% per month making it statistically insignificant.
These results suggest that the return to high minus low distressed stock portfolios can be attributed to idiosyncratic volatility, leverage and profitability. The results are consistent with the notion that the distress risk anomaly is an amalgamation of other anomalies and return relationships previously documented in the literature.
Corporate Spreads As a Measure of Default Risk
Given the results in the previous section, instead of using stock characteristics to measure financial distress, we take a different approach and use yields on corporate bonds in excess of the treasury rate to measure ex-ante probability of default. As mentioned earlier, this measure offers several advantages over others that have been used by previous papers. It is available in high frequency, which increases the power of statistical analyses we carry out. Unlike structural models of corporate bankruptcy that make simplifying assumptions about the capital structure of a firm, our proposed measure is model and assumption free. And unlike stock characteristics that are used to measure default risk, which may reflect information about future returns unrelated to distress risk, credit spreads reflect the market consensus view of the credit quality of the underlying firm.
There is now a significant body of research that shows that default-risk constitutes a considerable portion of credit spreads. Driessen (2003) finds that default risk accounts for at the minimum18% (AA rated bonds) and as high as 52% (BBB rated bonds) of the corporate bond spread. Huang and Huang (2003) using the Longstaff-Schwartz model find that distress risk accounts for 39%, 34%, 41%, 73%, and 93% of the corporate bond spread respectively for bonds rated Aa, A, Baa, Ba and B. Longstaff, Mithal, and Neis (2005) use the information in credit default swaps (CDS) to obtain direct measures of the size of the default and non-default components in corporate spreads. They find that the default component represents 51% of the spread for AAA/AA rated bonds, 56% for Arated bonds, 71% for BBB-rated bonds, and 83% for BB-rated bonds. The similarity in the information content of CDS spreads and bond credit spreads with respect to default is supported by Blanco, Brennan, and Marsh (2005) and Zhu (2005). They confirm, through co-integration tests, that the theoretical parity relationship between these two types of credit spreads holds as a long run equilibrium condition. 
Credit Spreads and Bankruptcy Prediction
Consistent with the studies discussed above, in this section we empirically show that bond spreads are a good ex-ante predictor of corporate defaults. In particular, we test to see if credit spreads improve default prediction beyond measures previously used in the literature. 14 To measure the probability that a firm defaults, we estimate a dynamic panel model using a logit specification, following Shumway (2001), Chava and Jarrow (2004) , CHS (2008) and others. We use information available at the end of the calendar year to predict defaults twelve months ahead. Specifically, the marginal probability of 13 In this study we have chosen to use bond spreads instead of CDS spreads because bond data is available for a substantially larger number of companies and is available for a much longer time period. 14 Bharath and Shumway (2004) document that credit spreads contain useful information in predicting defaults. In this paper, we significantly increase the number of defaults used in the hazard regressions, and also include a comprehensive list of alternative explanatory variables.
default (PD) for company i over the next year t is assumed to follow a logistic distribution:
where X is a vector of explanatory variables available at the time of prediction, and In Table 6 , we show that adding SPREAD to Altman and Ohlson specifications also improves pseudo R 2 values. SPREAD has a positive sign and is statistically significant in both models. Finally when we include all of the variables in Table 7 , SPREAD is statistically significant and improves the pseudo R 2 when included. The analyses suggest that credit spread is an important predictor of corporate defaults and contains information related to financial distress not found in other measures commonly used in the literature.
Credit Spreads and Firm Characteristics
To see how corporate bond spreads are related to firm characteristics we form portfolios based on credit spreads. Each month from January 1981 through December 2008, companies in our sample are ranked and put into three portfolios based on the value of their credit spreads in the previous month. As described earlier, credit spreads are valueweighted averages of firms' outstanding bond spreads in a given month. For each portfolio, we calculate average book-to-market, size, momentum, and beta values for all the companies in that portfolio in a given month. Table 8 reports summary statistics for firm characteristics and value-weighted average monthly returns for credit spread portfolios. Credit spreads vary negatively with firm size and positively with book-tomarket. The relationship with momentum is not monotonic, but the difference in past returns between the low and the high credit spread portfolios is positive and significant.
In contrast to earlier studies, we find that equity returns increase monotonically with credit spreads.
Credit Spreads and Equity Returns
In this section we examine how corporate bond spreads are related to future realized equity returns. In particular we test whether stocks with high default risk as measured by credit spreads have anomalously low returns after controlling for standard risk factors. In the analyses that follow, we create two related but distinct proxies of credit risk. First, we use credit spreads, calculated as the difference between the corporate bond yield and the corresponding maturity matched treasury rate, to proxy for aggregate default risk.
Second, we use credit spreads that are net of expected losses to proxy for each firm's exposure to the systematic component of default risk.
In order to calculate credit spreads that are net of expected losses we adopt a procedure used by Driessen et al. (2007) , Elton et al. (2001) and Campello, Chen and
Zhang (2004):
In Equation (7), NetSpread is the corporate bond spread net of expected losses, PD is the physical probability of default, L is the loss rate in the event of default, and Spread is the corporate bond credit spread calculated as the difference between the corporate bond yield and the corresponding maturity matched treasury rate. In Equation (7), we assume that default losses are incurred at maturity. We use CHS-score described in Section 3 to calculate physical probabilities of default. We follow Elton et al. (2001) and Driessen et al. (2007) , and use historical loss rates reported in Altman and Kishmore (1998) by rating category. The loss rates vary from 32% for AAA-rated firms to 62% for CCC-rated firms.
We sort stocks into deciles each Our results challenge those obtained in the previous studies. Using credit spreads, as a measure of default risk, the difference in raw returns between the highest and lowest default risk portfolios is 0.071% per month and statistically insignificant. The intercepts from the market and the 4-factor models are also economically and statistically insignificant. We find similar results when firms are sorted based on their exposures to the systematic component of default risk. The 4-factor monthly alphas for a portfolio formed by going long stocks in the highest distress portfolio and short stocks in the lowest distress risk portfolio are -0.199% and -0.067% using credit spreads and using credit spreads net of expected losses respectively.
There is a positive relationship between credit spreads and raw equity returns, but the return of the high minus low credit spread portfolio is not statistically significant. CAPM and 4-factor regressions show that alphas are further subsumed in all credit spread portfolios suggesting that default risk is captured mainly by the market factor and partly by the size and the value factors. The size and value factors have statistically significant positive loadings for the high minus low credit risk portfolio, using either measure, suggesting that these factors are related to default risk. In 4-factor regressions the momentum factor has a negative and statistically significant loading in the high minus low credit risk portfolio regressions, consistent with the notion that poor performers of the past are likely to be today's distressed firms.
Ranking stocks on their real-world default probabilities, as done in Dichev (1998) and Campbell, Hilscher and Szilagyi (2008), implicitly assumes that high default probability stocks also have high exposure to the systematic component of default risk.
Using corporate spreads we explicitly account for the systematic component in the risk of distress. To the best of our knowledge we are the first to explicitly rank equity returns according to firms' exposures to the systematic component of default risk. Overall, the results suggest that there is no evidence of default risk being negatively priced.
Robustness Checks
As we are using average credit spreads for each firm, to ensure that our results are not biased one way or another, in this section we consider the impact of bond liquidity and maturity on bond spreads and equity returns. In particular we want to make sure that our results are not contaminated by the fact that corporate spreads also reflect information not related to a firm's credit risk. Although credit risk makes up a significant portion of corporate spreads as discussed in Section 5, both liquidity and maturity have also been shown to be important components. 16 We repeat the analyses in the previous section but explicitly control for liquidity and maturity by double sorting companies first by liquidity and maturity and then by credit spreads.
We use some of the proxies utilized by Longstaff et al. (2005) in their study to measure corporate bond liquidity. 17 A dummy variable is given each month a value of one or zero depending on the characteristics of the underlying bond. We then add up the dummy variables to come up with an overall liquidity score. The first proxy is used to measure general availability of the bond issue in the market. If the outstanding market value of a bond is larger than the median market value of all bonds, then the dummy variable is assigned a value of one. The second proxy is the age of the bond and parallels the notion of on-the-run and off-the-run bonds in treasury markets, with on-the-run bonds being more liquid. If the age of a bond is less than the median age of all bonds, then the dummy variable is assigned a value of one. The third proxy is the time to maturity of the bond. It has been shown that there are maturity clienteles for corporate bonds and that shorter-maturity corporate bonds tend to be more liquid than longer-maturity bonds. If the time to maturity of a bond is less than seven years then the dummy variable is assigned a value of one. The fourth proxy that we use is a dummy variable for bonds rated by major rating agencies such as S&P and Moody's. If a bond is rated, then it is more likely to be liquid and the dummy variable is assigned a value of one. The maximum liquidity value assigned to a bond is four and the minimum liquidity value is zero.
We divide our sample into three liquidity groups based on the liquidity score, and calculate average spread and one month ahead equity returns. The average spread for illiquid bonds is 50 basis points higher than for liquid bonds, and the difference is statistically significant. The difference for equity returns, on the other hand, is relatively small and insignificant. Portfolio returns are summarized in Table 10 . To save space, we only report the differences between the high and low credit spread portfolios within each liquidity group. The difference in raw returns between the highest and lowest credit spread portfolios as well as the alphas from the market and the 4-factor models are economically and statistically insignificant. This is true regardless of whether the underlying bonds are liquid or illiquid. These results indicate that liquidity effects are unlikely to be driving our findings.
To control for the impact of bond maturity, we split our sample into four maturity buckets: 1 to 4, 4 to 7, 7 to 11, and greater than 11 years. For each firm we calculate a weighted (by market value) average of bond spread within each maturity group. We treat each company-maturity spread as a distinct observation. Then, within each maturity bucket, we form three portfolios based on credit spreads. Returns for these portfolios are reported in Table 11 . In all maturity buckets, the differences in raw returns as well as differences in alphas from the market and the 4-factor models, between the highest and lowest credit spread portfolios are economically and statistically insignificant. Since the uniform ranking of equity portfolio returns with respect to credit spreads yield similar patterns across different time-to-maturity groups, we conclude that our findings are not impacted by using an average credit spread.
Conclusion
In this paper we examine the pricing of default risk in equity returns. Our contribution to this literature is three-fold. First, we show that the distress risk anomaly is an amalgamation of other anomalies and return relationships previously documented in the literature. Second, ours is the first paper to use corporate bond spreads to measure the exante probability of default risk. We show that in hazard rate regressions, credit spreads drive out the significance of most of the other measures that are used to predict corporate defaults and significantly improve the pseudo R 2 values in all specifications. Third, contrary to previous findings, we show that default risk is not priced negatively in the cross section of equity returns. We sort firms according to their exposures to the systematic component of default risk as well as their aggregate default risk. To the best of our knowledge we are the first to explicitly rank equity returns according to firms' exposures to the systematic component of default risk. Portfolios sorted both on credit spreads and on credit spreads net of expected losses have positive raw returns but do not deliver significant positive or negative returns after controlling for well known risk factors. Our findings challenge the previous studies that have found an anomalous relationship between credit risk and equity returns. The analyses in this paper take the right step towards finding a more appropriate measure of systematic default risk that can explain the cross section of equity returns in line with the rational expectations theory.
APPENDIX
Here we explain the details of the variables used to construct distress measures.
Quarterly COMPUSTAT data is used to compute all accounting variables. Our first measure is Altman's z-score, which is defined as the following:
WCTA is the working capital (data40 -data49) divided by total assets. We follow CHS 2008 to adjust total assets calculated as total liabilities (data54) + market equity + 0.1*(market equity -book equity). Book equity is as defined in Davis, Fama, and French (2000) . RETA is the ratio of retained earnings (data58) to total assets. EBITTA is the ratio of earnings before interest and taxes (data21 -data5 + data31) to total assets, METL is the ratio of market equity to total liabilities, and STA is the ratio of sales (data12) 
where SIZE is total assets divided by the consumer price index, TLTA is the ratio of total liabilities to total assets, CLCA is the ratio of current liabilities (data49) to current assets (data40), OENEG is a dummy variable equal to one if total liabilities exceeds total assets and zero otherwise, NITA is the ratio of net income (data69) to total assets, FUTL is the ratio of funds from operations (data23) to total liabilities, INTWO is a dummy variable equal to one if net income was negative for the past two years and zero otherwise, and CHIN is change in net income over the last quarter: (NI t NI t−1 )/(|NI t | + |NI t−1 |).
The third measure we use is the CHS-score: 
The weighting coefficient is set to φ = 2 −1/3 , such that the weight is halved each quarter.
TLMTA is the ratio of total liabilities (data69) to total assets. SIGMA is the standard deviation of daily stock returns over the previous three months. SIGMA is coded as missing if there are fewer than 5 observations. RSIZE is the log ratio of market capitalization to the market value of the S&P 500 index. CASHMTA is the ratio of the value of cash and short term investments (data36) to the value of total assets. MB is the market-to-book ratio. Book equity is as defined in Davis, Fama, and French (2000) .
PRICE is the log price per share truncated from above at $15. All variables are winsorized using a 1/99 percentile interval in order to eliminate outliers.
We follow CHS (2008) and Hillegeist et al. (2004) to calculate our fourth distress measure, Merton's distance-to-default. The market equity value of a company is modeled as a call option on the company's assets:
V is the market value of a firm. A V is the value of firm's assets. X is the face value of debt maturing at time T. r is the risk-free rate and ∂ is the dividend rate expressed in terms of A V . A σ is the volatility of the value of assets, which is related to equity volatility through the following equation:
We simultaneously solve the above two equations to find the values of A V and A σ . We use the market value of equity for E V and short-term plus one half long-term book debt to proxy for the face value of debt X (data45+1/2*data51). E σ is the standard deviation of daily equity returns over the past 3 months. T equals one year, and r is the one-year treasury bill rate. The dividend rate, d, is the sum of the prior year's common and preferred dividends (data19 + data21) divided by the market value of assets. We use the Newton method to simultaneously solve the two equations above. For starting values for the unknown variables we use, A E V V X = + , and ( )
Once we determine asset values, A V , we then compute asset returns as in Hillegeist et al. (2004) :
As expected returns cannot be negative, if asset returns are below zero they are set to the risk-free rate. 18 Merton's distance-to-default is finally computed as:
Das, S.R., Duffie, D., Kapadia, N., Saita, L., (2006) (right panel) . tlmta is the ratio of total liabilities to the market value of total assets, cashmta is the ratio of cash to the market value of total assets, exretavg is a geometrically declining average of monthly log excess stock returns relative to the S&P 500 index, nimtaavg is a geometrically declining average of past values of the ratio of net income to the market value of total assets, rsize is the log ratio of market capitalization to the market value of the S&P 500 index, totvol is the standard deviation of daily stock returns over the previous calendar year, idiovol is the standard deviation of regression errors obtained from regressing daily excess returns on the Fama and French (1993) factors, price is the log price per share truncated from above at $15, CHS-PD*100 is the CHS probability of default reported as a percentage. Merton-DD is the Merton distance-to-default measure. ta/cpi is total assets divided by consumer price index, tl/ta is the ratio of total assets to total liabilities, cl/ca is the ratio of current liabilities to current assets, wc/ta is the ratio of working capital to total assets, ni/ta is the ratio of net income to total assets, ffops/tl is the ratio of funds from operations to total liabilities, ∆ni is the change in net income, rearn/ta is the ratio of retained earnings to total assets, ebit/ta is the ratio of earnings before interest and taxes to total assets, me/tl is the ratio of market equity to total liabilities, and sales/ta is the ratio of sales to total assets. How these variables calculated are described in the appendix. P25, P50 and P75 represent 25 th , 50 th and 75 th percentiles respectively. Table 2 reports CAPM and 4-factor regression results for distress risk portfolios. We sort stocks into deciles each January from 1981 through December 2008, according to their default probabilities calculated using the CHS hazard rate model. We compute the value-weighted return for these decile portfolios on a monthly basis and regress the portfolio return in excess of the risk-free rate on the market (MKT), size (SMB), value (HML), and momentum (MOM) factors. The factors are obtained from Ken French's website. The results under 'Bond Sample' on the right hand side include only the companies in our bond sample. We report regression results for only the top and bottom decile portfolios as well as the high minus low credit risk portfolio to save space. Absolute values of t-statistics are reported in parentheses below their respective coefficient estimates. Statistical significance at the 10%, 5% and 1% levels is denoted by *, **, and ***, respectively. . Table 3 shows the 4-factor alphas for distress portfolios before and after controlling for idiosyncratic volatility, profitability and leverage. Distress portfolios are formed by sorting stocks into five groups each January from 1981 to 2008 according to the CHS probability of default. Then within each default group we first sort stocks based on the previous year's idiosyncratic volatility into five groups creating a total of 25 portfolios. The five distress portfolios are averaged over each of the idiosyncratic volatility portfolios to account for the impact of idiosyncratic volatility. Finally we calculate the 4-factor alphas for the distress portfolios as well as the high distress-low distress hedge portfolio. The same procedure is repeated for profitability and leverage characteristics and we report only the 4-factor alphas for distress portfolios as well as hedge portfolios that have been controlled for the effects of the aforementioned stock characteristics. Idiosyncratic volatility is calculated relative to the Fama-French 3-factor model. Profitability is measured using NIMTAVG, and leverage using TLMTA. NIMTAAVG is a geometrically declining average of past values of the ratio of net income to the market value of total assets, and TLMTA is the ratio of total liabilities to the market value of total assets. Absolute values of t-statistics are reported in parentheses below coefficient estimates. Statistical significance at the 10%, 5% and 1% levels is denoted by *, **, and ***, respectively. Table 5 reports results from logit regressions of the bankruptcy indicator on predictor variables. NIMTAAVG is a geometrically declining average of past values of the ratio of net income to the market value of total assets, TLMTA is the ratio of total liabilities to the market value of total assets, EXRETAVG is a geometrically declining average of monthly log excess stock returns relative to the S&P 500 index, SIGMA is the standard deviation of daily stock returns over the previous three months, RSIZE is the log ratio of market capitalization to the market value of the S&P 500 index, CASHMTA is the ratio of cash to the market value of total assets, MB is the market-to-book ratio, PRICE is the log price per share truncated from above at $15, DD is Merton's distance-to-default. These variables are described in detail in the appendix. SPREAD is the corporate bond credit spread calculated as the difference between the corporate bond yield and the corresponding maturity matched treasury rate. RATING is the Standard and Poor's (S&P) corporate rating obtained from COMPUSTAT. Results under 'All Firms' are estimates computed using the full sample of defaults with available accounting information. Results under 'Firms with bonds' are estimates computed using the sample of defaults from companies that have issued bonds with available accounting information. Results under 'CHS sample' shows the estimates CHS report in their paper. Absolute values of z-statistics are reported in parentheses below coefficient estimates.
CRSP
McFadden pseudo R 2 values are reported for each regression. Statistical significance at the 10%, 5% and 1% levels is denoted by *, **, and ***, respectively.
(1) (2) (3) (4) (5) (6) (7) Sample Period: 1981 -2008 1981 -2008 1981 -2008 1981 -2008 1981 -2008 1963 -1998 1981 -2008 Table 5 reports results from logit regressions of the bankruptcy indicator on predictor variables. NIMTAAVG is a geometrically declining average of past values of the ratio of net income to the market value of total assets, TLMTA is the ratio of total liabilities to the market value of total assets, EXRETAVG is a geometrically declining average of monthly log excess stock returns relative to the S&P 500 index, SIGMA is the standard deviation of daily stock returns over the previous three months, RSIZE is the log ratio of market capitalization to the market value of the S&P 500 index, CASHMTA is the ratio of cash to the market value of total assets, MB is the market-to-book ratio, PRICE is the log price per share truncated from above at $15, DD is Merton's distance-to-default. Table 6 reports results from logit regressions of the bankruptcy indicator on predictor variables. SIZE is total assets divided by the consumer price index, TLTA is the ratio of total liabilities to total assets, WCTA is the ratio of working capital to total assets, CLCA is the ratio of current liabilities to current assets, NITA is the ratio of net income to total assets, FUTL is the ratio of funds from operations to total liabilities, CHIN is a measure of the change in net income, INTWO is a dummy variable equal to one if net income was negative for the past two years and zero otherwise, OENEG is a dummy variable equal to one if total liabilities exceeds total assets and zero otherwise, RETA is the ratio of retained earnings to total assets, EBITTA is the ratio of earnings before interest and taxes to total assets, METL is the ratio of market equity to total liabilities, STA is the ratio of sales to total assets, and SPREAD is the corporate bond credit spread calculated as the difference between the corporate bond yield and the corresponding maturity matched treasury rate. These variables are described in detail in the appendix. Absolute values of zstatistics are reported in parentheses below coefficient estimates. McFadden pseudo R 2 values are reported for each regression. Statistical significance at the 10%, 5% and 1% levels is denoted by *, **, and ***, respectively.
(1) In table 10, we report monthly equity returns of credit-spread sorted portfolios for companies associated with different levels of bond market liquidity. For each bond we compute a liquidity measure using 4 proxies as described in the text. We value weight the liquidity scores of the bonds that belong to the same firm and assign each firm a single bond market liquidity measure in a given month. Weights are the outstanding market values of the bonds. In a similar fashion we calculate firm level credit spreads for each firm on a monthly basis. Every month, we group firms into three buckets based on their bond market liquidity level. Then within each bond market liquidity bucket, firms are grouped in to three portfolios based on their value weighted credit spreads. For each credit risk portfolio we calculate value weighted equity returns and report raw return differences, CAPM and 4-factor model based monthly alphas between high credit spread and low credit spread portfolios. *, ** and *** indicate significance at 10%, 5% and 1%, respectively. In table 11 , we report returns of credit-spread sorted portfolios in different time-to-maturity groups. Maturity is the remaining time to maturity in years of the bonds. We allocate each bond to one of four maturity groups: Bucket 1 includes bonds with maturities less than 4 years but more than 1 year, Bucket 2 includes bonds with maturities greater than 4 years but less than 7 years, Bucket 3 includes bonds with maturities greater than 7 years but less than 11 years, and Bucket 4 includes bonds with maturities greater than 11 years. Each month from January 1981 through December 2008 bonds are assigned to four groups based on their time to maturity. For each firm we calculate four different credit-spread values: one for each maturity bucket. All credit spreads are value-weighted with respect to the market values of a firm's outstanding bonds. Then within each maturity bucket firms are assigned to three portfolios based on their credit spreads. In all time-to-maturity buckets we calculate value-weighted subsequent realized monthly equity returns for each credit-spread portfolio. In each maturity bucket we report raw return differences, CAPM and 4-factor model based monthly alphas between high credit spread and low credit spread portfolios. *, ** and *** indicate significance at 10%, 5% and 1%, respectively. 
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